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Abstract: Introduction—Medical emergency vehicles help patients get to the hospital quickly. However,
there were more and more ambulance crashes on the road in Taiwan during the last decade. This study
investigated the characteristics of medical emergency vehicle crashes in Taiwan from January 2003 to
December 2016. Methods—The ordered logit (OL) model, multinominal logit (MNL) model, and partial
proportional odds (PPO) model were applied to investigate the relationship between the severity of
ambulance crash injuries and its risk factors. Results—We found the various factors have different effects
on the overall severity of ambulance crashes, such as ambulance drivers’ characteristics and road and
weather conditions. When another car was involved in ambulance crashes, there was a disproportionate
effect on the different overall severity, as found by the PPO model. Conclusions—The results showed
that male ambulance drivers and car drivers who failed to yield to an ambulance had a higher risk
of severe injury from ambulance crashes. Ambulance crashes are an emerging issue and need further
policies and public education regarding Taiwan’s ambulance transportation safety.

Keywords: ambulance crash; ordered logit model; multinominal logit model; partial proportional
odds model

1. Introduction

Ambulances are a key component of an emergency medical service and previous
studies have been greatly focused on their response times [1,2]. However, as well as other
emergency vehicles, they are in risk situations if the other non-emergency vehicle drivers
fail to yield right of way, especially at intersections [3,4]. Even though the number of
ambulances has not increased in Taiwan, the official ambulance journeys nearly doubled
over ten years. The statistics of Taiwan’s National Fire Agency show that the official
ambulance journeys increased from 614,656 times per year in 2004 to 1,078,727 in 2014, as
shown in Figures 1 and 2. It is definitely an emerging issue in most densely populated
developing countries, such as Taiwan.

Due to the inherent risks of driving/riding in an ambulance, poor ambulance safety
standards and design, and increased provider vulnerability to injury while delivering criti-
cal patient care in the back of a moving ambulance, emergency medical service personnel
have a high incidence of transportation-related fatalities [5,6]. Younger ambulance drivers,
compared to older drivers, have a higher risk for crashes, as noted in a previous study [7],
and most ambulance crash fatalities occur among those traveling in the rear compartment,
where the patient may not be securely fixed to the chassis and where other occupants are
less likely to be wearing seatbelts. The Fatality Analysis Reporting System (FARS) data
of the United States Department of Transportation further revealed that many emergency
vehicle operators had poor driving histories [8]. There are other crash characteristics that
are worthy of the public’s attention. For example, there may be increased crash frequency
when ambulances are in the use of lights and sirens [9,10]. More emergency vehicle crashes
occurred when driving straight through intersections with traffic signals, especially at
night [10].
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For the crash severity modeling, Savolainen [11] and Mannering [12] gave us compre-
hensive reviews of these methodologies. The ordered logit/probit (OL) models, generalized
ordered response models, multinomial logit (MNL) model, mixed logit models, and het-
eroscedastic models were commonly used for analyzing crash severity [13,14]. OL models
are used when there are three or more categories of the dependent variable and the order
of these categories are important. In contrast, the MNL model does not account for the
order of the categories. Furthermore, in the partial proportional odds (PPO) model, the
proportional odds assumption was relaxed. These three models were applied to analyze
the vehicular and pedestrian crash injury severities [13–15]. Mooradian et al. [13] suggested
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that the PPO models performed exceptionally well for those data with sample sizes of less
than 20,000 crashes. The aim of our study was to also analyze the Taiwan ambulance crash
data with a relatively small sample size.

Due to the lack of previous Taiwan ambulance crash evidence, this study focused on
the relationships between ambulance crash severity and the potential risk factors belonging
to two levels: the ambulance driver and the environmental level. The remainder of this
paper is structured as follows: Section 2 describes the model methodology and data;
Section 3 introduces the results and estimations given by the proposed model; finally,
Section 4 gives our discussions and conclusions.

2. Methods and Data
2.1. OL Regression Model, MNL Regression Model, and PPO Model

Frequently used in injury analyses, ordinal regression refers to the case where the
dependent variable is categorical. One of the common ordinal regression models is the
proportional odds model. Even though the dependent variable is continuous, it is recorded
ordinally (as might, for instance, happen if income were asked about in terms of ranges,
rather than precise numbers).

In the ordinal logistic model with the proportional odds assumption, the model
included different intercept estimates (where j is the number of levels of the dependent
variable). However, only one estimate of the parameters is associated with the independent
variables. If the dependent variable is not ordered, this assumption will be violated (i.e.,
because we could reorder the levels of the dependent variables arbitrarily) [16]. The MNL
model generates j − 1 sets of parameter estimates by comparing different levels of the
dependent variable to a base level (the mild severity level in this study). This makes the
model considerably more complex, but also much more flexible [17,18].

Since one of the properties inherited in this model is its assumption of the indepen-
dence of irrelevant alternatives (IIA), a Hausman test is therefore applied to justify the use
of the MNL regression model [19].

OL regression models meet the proportional odds assumption between different level
categories. The assumption underlying OL regression is that the relationship between each
pair of outcome groups is the same. In other words, an OL regression assumes that the
coefficients that describe the relationship between, say, the lowest versus all higher cate-
gories of the response variable are the same as those that describe the relationship between
the next lowest category and all higher categories, etc. This is called the proportional odds
assumption or the parallel regression assumption. Because the relationship between all
pairs of groups is the same, there is only one set of coefficients (only one model). If this was
not the case, we would need different models to describe the relationship between each pair
of outcome groups (Brant test can be used to test the proportional odds assumption) [20,21].
On the other hand, MNL models completely ignore the sequential order of dependent
variables. The PPO model is an intermediate method since OL and MNL regression mod-
els both have their limitations regarding data estimations. The PPO model admits some
individual independent variables to affect each level of the dependent variable differently,
while other independent variables adhere to the proportional odds assumption.

There were three injury severity levels in this study and we had two panels of results
using the PPO model. The first panel recorded the dependent variable as mild crashes vs.
others. The second panel had the dependent variable as mild and moderate crashes vs.
others. This study used Stata with the gologit2 program to fit the PPO model (please refer
to StataCorp. 2011. Stata Statistical Software: Release 12. College Station, TX: StataCorp
LP). The coefficients of the intermediate categories were interpreted with caution because
the sign of the coefficient does not always determine the direction of the intermediate
outcome [22,23]. Since the marginal effect revealed how the change of the independent
variables influenced the dependent variables, the marginal effects of the dummy predic-
tors in this study were computed by taking the difference rather than the derivative as
continuous variables [14].
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2.2. Comparison of the Three Presented Models

The models estimated in this study were compared based on the model fit, where
the model fit was assessed using pseudo R2, Akaike’s information criterion (AIC), and
the Bayesian information criterion (BIC). The AIC and BIC are two measures that better
assess model selection uncertainty. More predictors will improve the likelihood value of
the model, but this may result in overfitting of the models [24]. On the contrary, using
AIC and BIC for a model comparison considers the goodness of fit and complexity of the
model simultaneously. The difference between BIC and AIC is that the penalty term for the
number of parameters is larger in BIC than in AIC. We expect smaller values of AIC and
BIC since both indicate a better fitting model when using the Stata 12.0 statistical software.

2.3. Data
2.3.1. Data Source

The Taiwan National Police Agency maintains the national road injury data bank. Local
police were called after serious road traffic injuries and completed the report forms, which
included three files: injury file, vehicle/victim file, and contributory factor. The crashes with
property damage only were not included in our analysis since these reports are deposited by
local police agencies and not acquired by the National Police Agency, Taiwan.

To investigate the relationship of victims and environments in serious ambulance
crashes, only crashes involving fatalities or injuries were extracted from this data bank.
We used monthly data from January 2003 to December 2016. Figure 3 showed a roughly
increasing trend of ambulance crashes annually. The downhill slope of the ratio between
ambulance crashes and total crashes annually became irrelevant.
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2.3.2. Statistical Analysis

Table 1 presents the definitions of the variables in our model. In the data, only
injuries and fatalities were included, which means crashes with property damage only were
excluded. The potential risk factors were grouped into two sets: ambulance driver level
and environmental level. For example, if there was car driver involved in the ambulance
crash, the car involvement variable was coded “yes.” The total injury severity was defined
as mild: one injured, moderate: two injured, severe: three to eight injured and a fatality.
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Table 1. Statistics of the crash variables.

Variable 1 Injured
% (n)

2 Injured
% (n)

3–8 Injured and Fatality
% (n)

Severity (total N = 1488) 70.2 (1045) 17.3 (258) 12.4 (185)

Ambulance Driver Level

Age (16–76, ave = 34.5)

Gender
Female (n = 44) 75 (33) 20.5 (9) 4.5 (2)
Male (n = 1444) 70.1 (1012) 17.2 (258) 12.7 (185)

Injured level
Death (n = 1) 0 (0) 0 (0) 100 (1)

Injured (n = 240) 25.8 (62) 29.6 (71) 44.6 (107)
Not injured (n = 964) 79.3 (764) 14.8 (143) 5.9 (57)
Unknown (n = 283) 77.4 (219) 15.5 (44) 7.1 (20)

Injured area
Multiple (n = 86) 19.8 (17) 34.9 (30) 45.3 (39)

Head (n = 58) 32.8 (19) 29.3 (17) 37.9 (22)
Hand (n = 39) 20.5 (8) 33.3 (13) 46.2 (18)

Drunken
Yes (n = 17) 58.8 (10) 23.5 (4) 17.6 (3)

No (n = 1471) 70.4 (1035) 17.3 (254) 12.4 (182)

Environmental Level

Weather
Rainy (n = 145) 75.9 (110) 12.4 (18) 11.7 (17)

Cloudy (n = 132) 72.0 (95) 17.4 (23) 10.6 (14)
Sunny (n = 1211) 69.4 (840) 17.9 (217) 12.7 (154)

Lighting condition
Daylight (n = 993) 72.8 (723) 15.8 (157) 11.4 (113)

Dawn (n = 37) 59.5 (22) 18.9 (7) 21.6 (8)
Dark but lighted (n = 434) 65.4 (284) 20.5 (89) 14.1 (61)

Dark (n = 24) 66.7 (16) 20.8 (5) 12.5 (3)

Traffic control
Traffic lights (n = 857) 67.0 (574) 18.0 (154) 15.1 (129)

Pedestrian lights (n = 212) 74.1 (157) 15.6 (33) 10.4 (22)
Flashing yellow (n = 77) 72.7 (56) 13.0 (10) 14.3 (11)

No lights (n = 342) 75.4 (258) 17.8 (61) 6.7 (23)

Urban road
Yes (n = 976) 75.2 (734) 15.6 (152) 9.2 (90)
No (n = 512) 60.7 (311) 20.7 (106) 18.6 (95)

Intersection
Yes (n = 1225) 68.6 (840) 17.9 (219) 13.6 (166)
No (n = 263) 77.9 (205) 14.8 (39) 7.2 (19)

Sideswipe
Yes (n = 447) 70.7 (316) 17.7 (79) 11.6 (52)
No (n = 1041) 70.0 (729) 17.2 (179) 12.8 (133)

Car
Yes (n = 475) 53.7 (255) 21.3 (101) 25.1 (119)
No (n = 1013) 78.0 (790) 15.5 (157) 6.5 (66)

Motorcycle
Yes (n = 898) 80.2 (720) 14.5 (130) 5.3 (48)
No (n = 590) 55.1 (325) 21.7 (128) 23.2 (137)

Rush hour (6–10 a.m. and 4–8 p.m.)
Yes (n = 526) 74.0 (389) 15.6 (82) 10.5 (55)
No (n = 962) 68.2 (656) 18.3 (176) 13.5 (130)
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There were 1488 observations in total, including 1045 injuries in the mild category,
258 in the moderate category, and 185 in the severe category. As indicated in Section 1, the
ambulance driver’s age, gender, his/her injury type, and drinking may affect the crash
severity. In our data bank, 1488 ambulance drivers were aged between 16 to 76, mostly
male (97%), with 240 injured with 1 dead. Eighty-six (5.8%) ambulance drivers suffered
from multiple trauma, while 58 (3.9%) ambulance drivers had a head injury and 39 (2.6%)
ambulance drivers had a hand injury. Seventeen (1.1%) ambulance drivers failed to pass a
sobriety test.

At the environmental level, 145 (9.7%) ambulance injuries happened on rainy days.
The lighting condition distributions were as follows: 993 (66.7%) in the daylight, 434 (29.2%)
in the dark but lighted, 37 (2.5%) in the dawn, and 24 (1.6%) in the dark. The traffic controls
nearby the injuries were 857 traffic lights, 212 pedestrian lights, 77 flashing yellow lights,
and 342 without traffic lights. The statistics showed that many more injuries happened on
the urban road than those not on the urban road (976 vs. 512), and many more happened in
the intersections than those that were not in the intersections (1225 vs. 263). The ambulance
crashes occurred less in sideswipe condition than in non-sideswipe injuries (447 vs. 1041).
There were fewer ambulance injuries involving cars than motorcycles (475 vs. 898) and they
happened less in rush hour (526 vs. 962). The further different percentages and numbers in
different severity categories are thoroughly listed in Table 1.

Since the injured severity levels were divided into three groups, we calculated the
odds ratios and compared the mild group with the combined moderate and severe group
first. Then, we compared the combined mild and moderate group with the severe group.
The odds ratios are in Table 2.

Table 2. The odds ratios of the variables.

Variables
Odds Ratio

Mild/(Moderate + Severe) Severe/(Mild + Moderate)

Male ambulance driver 0.78 3.05
Injured ambulance driver 0.09 ** 12.07 **

Multiple injured areas 0.09 ** 7.14 **
Head injury 0.19 ** 4.75 **
Hand injury 0.10 ** 6.58 **

Drunken 0.60 1.52
Rainy weather 1.17 1.07
Sunny weather 0.86 1.11

Dawn 0.61 1.99
Dark but lighted 0.73 ** 1.23

Dark 0.85 1.01
Traffic lights 0.69 * 1.82 **

Pedestrian lights 1.25 0.79
Flashing yellow 1.14 1.18

Urban road 1.96 ** 0.45 **
Intersection 0.62 ** 2.01 **
Sideswipe 1.03 0.90

Car 0.33 ** 4.80 **
Motorcycle 3.30 ** 0.19 **
Rush hour 1.32 * 0.75

* p ≤ 0.05, ** p ≤ 0.01.

There were some variables worth noting. For example, the odds ratio of injured
ambulance driver was 0.09 for the mild group, and 12.07 for the severe group. It seems
that the higher the total injury severity, the higher the probability of the injured ambulance
driver. In contrast, the odds ratio of a sideswipe was 1.03 for the mild group, and 0.9 for
the severe group. The differences were not significant. After this preliminary analysis, we
dropped some variables and continued further model analyses.
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3. Results
3.1. OL Regression Model

As shown in Table 3, it was found that a male driver, an injured ambulance driver,
sunny weather, dark but lighted conditions, in the intersection, and a car’s involvement
were significant factors that induced worse total injury severity. At the same time, an urban
road was negatively correlated with the ambulance injury severity. Insignificant variables
were dropped during the model estimations. The ambulance drivers, usually violating the
traffic rule for the sake of time constraints [25], determined the severity of the injury the
most. It appeared that male drivers or injured ambulance drivers were involved more in
crashes with the worse injuries.

Table 3. The results of ordered logit (OL) models.

Variables
OL Model

Coefficient SE

Male ambulance driver 1.12 0.418 **
Injured ambulance driver 2.32 0.161 **

Sunny 0.37 0.163 *
Dark but lighted 0.39 0.132 **

Urban road −0.40 0.128 **
Intersection 0.80 0.181 **

Car 0.70 0.129 **
Cut1 3.47 0.486
Cut2 4.90 0.499

Pseudo R2 0.156
No. of observations: 1488; log-likelihood at zero: −1207.089, log-likelihood at convergence: −1019.332; Akaike’s
information criterion (AIC): 2056.664, Bayesian information criterion (BIC): 2104.411; * p ≤ 0.05, ** p ≤ 0.01.

The siren effect, warning other road users of the presence of an ambulance, was
decreased in the dark-but-lighted situation and may lead to increased injury [9,10]. Fur-
thermore, brightness and diminished contrast occurred in sunny weather and the drivers
usually drove faster. The crashes occurred more in the intersections since these victims
usually did not slow down at the crossing. At the same time, a car’s involvement increased
the crash severity in the OL model.

Interestingly there was a decreased ambulance crash severity on urban roads. Maybe
this was because on an urban road, the traffic volume is higher and the speed limit is
lower. The previous study also revealed that the general motor vehicle injury fatality rate
was much higher in rural areas [26]. These variables in the environment level did play
important roles in Taiwan ambulance crashes.

We used the Brant test in the Stata statistical software to evaluate the parallel regression
assumption [14]. The χ2 was 7.36 and the null hypothesis was not rejected due to an
insignificant difference in the coefficients between these ambulance crash models (see
Table A1 in Appendix A). By the way, a car’s involvement was the only predictor violating
the parallel regression assumption.

3.2. MNL Regression Model

The Hausman test was used to evaluate the possibility of violating the property of the
IIA. The result was strong evidence that we could not reject the null hypothesis. Then, we
continued to use the MNL regression model for observing further estimation results.

In the MNL model, we found that nearly all the variables, including male, injured
ambulance driver, sunny weather, in the dark but lighted, in the intersection, and a car’s
involvement, caused an increased overall crash severity in all panels in Table 4. The
only exception was the insignificant effect of a male ambulance driver on the moderate
severity panel. On the other hand, ambulance crashes on urban roads led to milder
overall ambulance crash severity in both panels and did play a key role in Taiwan’s
ambulance crashes.
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Table 4. The results of the multinomial logit (MNL) regression models.

Variables
Moderate Injury Severe Injury

Coefficient SE Coefficient SE

Male ambulance
driver 0.38 0.432 2.17 0.804 **

Injured ambulance
driver 1.79 0.209 ** 2.93 0.223 **

Sunny 0.41 0.197 * 0.50 0.250 *
Dark but lighted 0.43 0.156 ** 0.46 0.202 *

Urban road −0.35 0.153 * −0.63 0.192 **
Intersection 0.51 0.205 * 1.05 0.295 **

Car 0.37 0.157 * 1.08 0.195 **
Constant −2.80 0.517 ** −6.15 0.901 **

Pseudo R2 0.158
No. of observations: 1488; log-likelihood at zero: −1207.089, log-likelihood at convergence: −1016.174; AIC:
2064.347, BIC: 2149.23; * p ≤ 0.05, ** p ≤ 0.01.

3.3. PPO Model

The estimated results of the PPO model are in Table 5. A male ambulance driver, an
injured ambulance driver, sunny weather, dark-but-lighted condition, an urban road, and
an intersection were the variables that adhered to the proportional odds assumption and
had the same coefficient across the two panels. Among them, ambulance crash injuries
on urban roads had a significantly negative coefficient and led to a lower overall crash
severity. Only a car’s involvement violated the proportional odds assumption, increasing
the crash severity in the first and second panels.

Table 5. The results of the partial proportional odds (PPO) models.

Variables
Panel I Panel II

Coefficient SE Coefficient SE

Male ambulance
driver 1.09 0.415 ** 1.09 0.415 **

Injured ambulance
driver 2.30 0.161 ** 2.30 0.161 **

Sunny 0.37 0.163 * 0.37 0.163 *
Dark but lighted 0.39 0.132 ** 0.39 0.132 **

Urban road −0.40 0.128 ** −0.40 0.128 **
Intersection 0.79 0.181 ** 0.79 0.181 **

Car 0.62 0.135 ** 0.96 0.183 **
Constant −3.41 0.485 ** −5.00 0.500 **

Pseudo R2 0.157
No. of observations: 1488; log-likelihood at zero: −1207.089, log-likelihood at convergence: −1017.227; AIC:
2054.453, BIC: 2107.505; * p ≤ 0.05, ** p ≤ 0.01.

Ambulance drivers suffer during crashes. Previous studies had little focus on the
behavior of male ambulance drivers [27]. However, male traffic offenders are more likely
to be involved in fatal/serious injuries [28]. The possibility of an injured ambulance driver
increased, as well as the overall crash severity. This probably suggests that when an
ambulance hits other motor vehicles or other objects, the ambulance driver was usually
fine since the ambulance is relatively safer and heavier. However, when the ambulance
driver was hurt in the injury, the collision involved more people and was more likely to be
life-threatening.

In previous studies, the light condition was essential for determining driving safety. In
comparison with the dawn and dark, the possibility of a higher overall crash severity was
increased in sunny weather in our study. Meanwhile, the ambulance crashes became worse
in the dark-but-lighted condition. Vehicle drivers, as well as pedestrians, may overlook the
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approaching of an ambulance since the contrast effect of the lights is diminished in that
situation [10,29].

In intersections, there were markedly more severe and fatal ambulance injuries in
Taiwan. Usually, drivers slow down, which prevents major injures in the intersections. In
contrast, because traffic conditions determine most ambulance response times [30], the
ambulance drivers usually hurry or keep the same speed across traffic and pedestrian
lights. Consequently, more severe ambulance crashes happened in the intersections.

When an ambulance hits a car or cars, rather than other types of vehicles and pedes-
trians, the overall crash severity tended to increase. The effect was more obvious in
comparison with mild + moderate vs. severe injuries. Failure to yield, especially to the
ambulance, was of great concern regarding the car drivers in Taiwan. Not only on-the-job
education of the ambulance drivers but also the public traffic safety propaganda needs to
draw more attention and be carried out, especially regarding the car users in Taiwan. As
for the transportation policy, the government may consider increasing the fine or other
punishments for those who refuse to yield to an ambulance (The fine of failure to yield to
the emergency vehicles is 3600 NTD, around 120 USD in December 2017). The right of way
of the Taiwan emergency vehicles should be protected more by the laws.

Marginal effects were calculated to examine the rationality of the coefficients. The
results are shown in the following Figure 4. For example, a car’s involvement had a positive
coefficient in both panels of the PPO models. Its marginal effect was −0.11 for the mild
crash severity, 0.02 for the moderate crash severity, and 0.09 for the severe crash severity. By
comparing Table 3 and Figure 4, the signs of the variables seemed rational in these models.

Figure 4. Marginal effects of the variables.

3.4. Model Comparison

Regarding the AIC shown in Table 6, the partial proportional odds model performed
better than the ordered logit and multinomial models. The AIC of the PPO model was
2054.453 and the BIC was 2107.505. The BIC of the PPO was mildly higher than that of
the OL. However, the OL model had the worst pseudo R2 of 0.156 and the PPO model
improved it to 0.157. This evidence suggests that the PPO model was somehow more
suitable in terms of explaining Taiwan ambulance crashes.
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Table 6. Model comparison.

Model AIC BIC Pseudo R2

OL 2056.664 2104.411 0.156
MNL 2064.347 2149.23 0.158
PPO 2054.453 2107.505 0.157

4. Discussion and Conclusions

In this study, we examined the potentially risky factors in ambulance crashes in Taiwan.
We used monthly data from January 2003 to December 2016. To investigate whether
ambulance crashes were associated with specific victim characteristics and environment
factors, investigating different crash probability models in the process. The OL, MNL,
and PPO models were chosen since they are widely used for crash analysis. After the
analysis of model fitness, the PPO model had better results since it allowed us to assume
the proportional odds assumption for some predictors, while not for others.

In both sunny and the dark-but-lighted situations, without an obvious contrast back-
ground, both the ambulance driver and the other non-ambulance victims had higher crash
risks on roads. It reminds us that even when ambulances use lights and sirens, they are
still dangerous across intersections since others pay less attention than in the lane [10,29].
The ambulance drivers, as well as others, should always notice the traffic lights and give
way to careless drivers, especially in the intersections.

Failure to yield to an ambulance, especially for car drivers, is an emerging issue in
Taiwan. As such, transportation policymakers should consider increasing the fine or other
punishments for those who refuse to yield to an ambulance. The right of way of the Taiwan
emergency vehicles should be protected much more by the laws.

While previous studies have revealed that flashing amber signals do not increase
the number of conflicts in intersections [30], flashing yellow signals in Taiwan had no
significant effect on ambulance crashes. Vehicle dynamics in sideswipe collisions are
markedly different from other types of collisions [31]. However, no evidence was found in
the sideswipe injuries of Taiwan ambulance crashes.

Even though they are under investigation and implementation, new strategies, such as
traffic signal control systems and other integrated software applications, may be helpful for
transferring patients safely and preventing both emergency and non-emergency vehicles
from crashes in the near future.

There are some limitations to this study. First, because Taiwan is a relatively small and
highly urbanized country, there was a relatively small number of cases in this study. Second,
without the help of emergency medical technicians (EMTs), these data were recorded mostly
on the spot by the police, where some information, such as the injured area of the victims,
may have been omitted or overlooked. Third, due to the data collection limitation, it is not
easy to judge whether the ambulance was on duty or off duty at the time of the ambulance
crash. Furthermore, even though the flashing lights and sirens are often used while on
duty, it is not recorded in this data bank.
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Appendix A

Table A1. Brant test of the parallel regression assumption in the OL model.

Variable χ2 p

All 7.36 0.392
Male ambulance driver 2.12 0.145

Injured ambulance driver 0.00 0.944
Sunny weather 0.31 0.581

Dark but lighted 0.44 0.508
Urban road 0.19 0.662
Intersection 0.42 0.519

Car 4.02 0.045
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